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Kelvin–Helmholtz (KH) instability in stratified shear flows exhibits strong multiscale dynamics in which large-scale
vortical structures evolve into smaller-scale motions through nonlinear interactions. Accurate prediction of KH dynam-
ics is important for understanding mixing and transport in geophysical and environmental flows. Although high-fidelity
simulations such as Direct Numerical Simulation (DNS) and Large Eddy Simulation (LES) can resolve these dynam-
ics, their computational cost limits their use across a wide range of flow conditions. Data-driven reduced-order models
based on Convolutional Neural Network Autoencoders (CNN-AEs) and Long Short-Term Memory (LSTM) networks
offer a promising alternative but often underrepresent dynamically important fine-scale structures. This study presents
a parameter-conditioned multiscale deep learning framework for reduced-order prediction of stratified KH instability.
The framework employs a State CNN-AE to capture dominant large-scale flow structures, a Difference CNN-AE to
learn finer-scale motions, and a parameter-conditioned LSTM to jointly evolve both latent representations using the
gradient Richardson number (J) and the shear-to-stratification thickness ratio (R). The model is trained using vorticity
and buoyancy fields from two-dimensional LES-like simulations spanning multiple flow configurations and is evaluated
on both training and previously unseen test cases. The framework accurately reproduces the evolution of KH billows
and preserves fine-scale structures throughout the nonlinear stages of instability development, as assessed through
comparisons with the conventional CNN-AE–LSTM framework and LES using statistical metrics and physics-based
diagnostics, including perturbation enstrophy, instability growth rates, and kinetic energy spectra. The proposed model
also enables long-horizon forecasting from a single early-stage flow snapshot and generalizes successfully to previously
unseen (J,R) combinations.

Keywords: Kelvin-Helmholtz instability, stratified shear flow, reduced-order modeling, convolutional autoencoder,
long short-term memory network, multiscale deep learning

I. INTRODUCTION

Stratified shear instabilities occur when horizontal shear
overcomes the stabilizing effect of vertical density stratifica-
tion, leading to the formation of large-scale billows and even-
tually turbulence1,2. Among stratified shear instabilities, the
Kelvin–Helmholtz (KH) instability is one of the most com-
monly observed and extensively studied. It occurs in a wide
range of geophysical flows, including the oceans, lakes, estu-
aries, and the atmosphere. It plays a central role in the gen-
eration of turbulence, irreversible mixing, and vertical trans-
port in stratified environments3–6. The resulting mixing redis-
tributes momentum, heat, salinity, and other tracers, thereby
influencing oceanic and atmospheric circulation. As KH bil-
lows grow and overturn, nonlinear interactions produce pro-
gressively smaller-scale flow structures, resulting in a cascade
of kinetic energy from large scales to smaller scales. This pro-
cess enhances mixing across density interfaces and generates
complex multiscale flow structures7,8. Recent studies have
further highlighted the intricate pathways through which fluid
parcels are transported and mixed in stratified shear flows9.

Accurately predicting the evolution of KH instability re-
mains a major challenge in geophysical fluid dynamics.
Large-scale coherent structures govern the overall flow evolu-
tion, whereas smaller-scale turbulent motions contribute sig-
nificantly to mixing and dissipation. Capturing both behav-
iors is therefore essential for reliable prediction of stratified
shear flows. Despite decades of research, understanding and
quantifying KH-induced mixing in oceanic and atmospheric
environments remain difficult problems, and the contribution
of KH instability to mixing continues to be regarded as a first-
order challenge5,9,10.

The multiscale nature of KH instability poses significant
computational challenges due to the wide range of spatial and
temporal scales involved. High-fidelity methods such as Di-
rect Numerical Simulation (DNS) and Large-Eddy Simula-
tion (LES) can accurately resolve billow formation and turbu-
lent breakdown, but they require substantial computational re-
sources and are often impractical for exploring a broad range
of background flow conditions11. The evolution and stabil-
ity of KH flows depend on key nondimensional parameters,
particularly the gradient Richardson number (Ri), the scale
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ratio (R), the Reynolds number (Re), and the Prandtl num-
ber (Pr)8,12. For the hyperbolic tangent velocity and buoy-
ancy profiles considered in this study, the centerline gradi-
ent Richardson number, J = Ri(0), is adopted as the primary
stability parameter. According to the Miles–Howard stabil-
ity criterion, a gradient Richardson number exceeding 1/4
everywhere is sufficient for stability; hence, J = 1/4 pro-
vides a classical critical bound for the present stratified shear-
flow configuration13,14. Furthermore, the mixing behavior of
stratified shear flows exhibits complex and often nonmono-
tonic dependence on these governing parameters5,10,12. These
challenges have driven significant interest in developing more
accurate and computationally efficient Reduced-Order Mod-
eling (ROM) approaches that can capture the essential flow
physics across a wide range of flow conditions at a fraction of
the computational cost15.

Recent advances in deep learning have enabled physics-
informed approaches16–19, as well as data-driven nonlinear
ROM approaches that learn compact representations directly
from high-dimensional flow data20. In particular, Convo-
lutional Neural Network Autoencoders (CNN-AEs) provide
an effective framework for extracting low-dimensional la-
tent representations while preserving important spatial corre-
lations and coherent structures present in the data21. Long
Short-Term Memory (LSTM) networks can then be used to
model the temporal evolution of these latent features for
reduced-order prediction21–23. Such CNN-AE-LSTM frame-
works have demonstrated promising predictive capabilities
for complex fluid-flow systems and have shown potential for
stratified-flow applications12,24–26.

However, the multiscale nature of KH instability presents
a significant challenge for data-driven reduced-order predic-
tion, as the latent representation must simultaneously cap-
ture both the dominant coherent structures and the dynami-
cally important fine-scale motions. Existing CNN-AE–LSTM
frameworks typically rely on a single latent representation to
describe the entire flow field25,27. Such representations may
become biased toward the energetic large-scale features, lead-
ing to an underrepresentation of finer-scale structures. Con-
sequently, accurately predicting the temporal evolution of the
flow during the nonlinear stages of KH instability remains an
open challenge.

Another important limitation is the ability to generalize
across different background flow conditions. While most ex-
isting ML-ROMs do not explicitly incorporate governing flow
parameters within the learning architecture, recent parameter-
conditioned models have demonstrated improved predictive
accuracy and robustness23,28. However, developing ROMs
that simultaneously capture these multiscale features while re-
maining robust across different background flow conditions
remains a significant challenge.

To address these limitations, we propose a scale-separated
deep learning framework for reduced-order prediction of strat-
ified shear flows and assess its performance using KH insta-
bility as a canonical benchmark problem. The key idea is that
explicitly separating large-scale coherent structures from fine-
scale mixing motions allows us to represent both scales using
different latent variables, thereby more reliably capturing the

underlying flow physics of KH evolution than conventional
single-latent-space formulations.

In contrast to traditional CNN-AE–LSTM models that
compress the entire flow into one latent representation22,23,27,
the present framework decomposes the flow into large and
small-scale components and learns their motions separately.
A State CNN-AE extracts a compact representation of the
coherent structures governing the instability. A Difference
CNN-AE with augmented inputs of the governing parame-
ters J and R is proposed in this study to encode the finer-
scale motions. The latent variables from these two encoders
are then combined and advanced in time using a parameter-
conditioned LSTM. By jointly forecasting the state and differ-
ence latent variables, the temporal model learns their coupled
evolution, preserving information associated with both the ini-
tial instability and the subsequent nonlinear dynamics. This
explicit multiscale latent-space design differs fundamentally
from the existing approaches that rely on a single compressed
representation of the flow.

To enhance generalization across different background flow
conditions, the parameters J and R are embedded directly
into the LSTM forecasting stage. This enables the temporal
model to adapt its predictions to changes in stratification and
scale ratio, allowing a single architecture to operate robustly
over a wide range of governing flow parameters. In this way,
the proposed framework combines explicit scale separation
with parameter-aware temporal forecasting within a unified
reduced-order modeling framework.

The present study investigates whether such a multiscale
latent-space formulation can accurately reproduce the evolu-
tion of stratified KH instability over a range of (J,R) combi-
nations. The proposed framework is evaluated for its ability
to preserve multiscale flow dynamics while providing long-
horizon forecasts from a single input snapshot across differ-
ent background flow conditions. The framework is trained
using high-fidelity two-dimensional (2D) LES data and tested
on previously unseen cases. Evaluation of its performance
through snapshot comparisons, statistical metrics and physics-
based diagnostics shows consistently superior predictive ca-
pability compared to the traditional CNN-AE-LSTM frame-
work.

The paper is organized as follows. Section II describes
the numerical model and dataset generation procedure. Sec-
tion III presents both the traditional and proposed deep-
learning architectures, including the State CNN-AE, Differ-
ence CNN-AE, and parameter-conditioned LSTM network.
Section IV discusses the results and discussion, where the pre-
dictive performance of the two frameworks is evaluated using
statistical metrics and physics-based diagnostics. Finally, Sec-
tion V summarizes the main findings and conclusions of the
study.

II. NUMERICAL MODEL

The dataset used for training and evaluating the ROMs is
generated from 2D LES-like numerical simulations. We say
LES-like to emphasize the fact that although the simulations
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are in 2D, they include a subgrid-scale closure model for tur-
bulence. For brevity, we will henceforth refer to the simula-
tions as LES. While three-dimensional (3D) effects become
important in the development of secondary instabilities and
eventual turbulent mixing at microscales29, 2D KH instability
retains the primary billow dynamics and key multiscale fea-
tures of stratified shear flows, making it an attractive choice
for ROM benchmarking. This section describes the governing
equations, initial and boundary conditions, flow configuration,
and simulation parameters used to generate the high-fidelity
dataset. Simulations are conducted over a range of J and R
to capture diverse instability behaviors and provide a compre-
hensive dataset for model training and evaluation.

A. Simulation Setup

Simulations are performed using the Julia-based Oceanani-
gans.jl model30, which solves the incompressible, nonhydro-
static Boussinesq equations using a finite-volume discretiza-
tion. The model employs a fifth-order Weighted Essentially
Non-Oscillatory (WENO) advection scheme combined with
a third-order Runge-Kutta time integration. Subgrid-scale
(SGS) turbulence is represented using the Smagorinsky-Lilly
closure with a Smagorinsky coefficient Cs = 0.1631,32, buoy-
ancy coefficient Cb = 1.033,34, and turbulent Prandtl number
Pr = 1.030. The SGS closure introduces a spatially and tem-
porally varying eddy viscosity that accounts for the effects of
unresolved turbulent motions. Consequently, a fixed Reynolds
number is not explicitly prescribed, and the effective dissipa-
tion characteristics of the flow are governed by the combined
effects of the grid resolution and SGS model. The governing
equations therefore correspond to the filtered incompressible,
non-hydrostatic Boussinesq equations in an LES framework,
where the influence of unresolved subgrid-scale motions is
represented through the SGS closure. The equations are given
by

∂u
∂ t

+u ·∇u =− 1
ρ0

∇p+Bk+νmol∇
2u−∇ ·τ , (1)

∂B
∂ t

+u ·∇B = κmol∇
2B−∇ ·λ, (2)

where u = (u,w) is the velocity vector, p is the pressure, k is
the unit vector in the vertical direction and B =−gρ/ρ0 is the
buoyancy, with ρ being the density and ρ0 = 1025kgm−3 be-
ing a reference density. The parameters νmol and κmol denote
the molecular viscosity and diffusivity, respectively. The ten-
sors τ and λ represent the subgrid-scale (SGS) stress tensor
and buoyancy flux.

The computational domain is defined as x ∈ [−10,10] and
z ∈ [−5,5], with uniform grid spacing ∆x = ∆z = 0.078m. Pe-
riodic boundary conditions are imposed in the horizontal di-
rection, such that φ(x+Lx,z, t) = φ(x,z, t), for all prognostic
variables φ ∈ {u,w,B} , where Lx is the domain length in the
horizontal direction. In the vertical direction, bounded bound-
ary conditions are applied at z = zmin and z = zmax, corre-
sponding to impermeable and free-slip conditions for momen-
tum and zero-flux conditions for buoyancy. These conditions

are given by w = 0, ∂u
∂ z = 0, and ∂B

∂ z = 0, where u and w denote
the horizontal and vertical velocity components, respectively,
and B is the buoyancy field.

In the present study, broadband spatial white-noise pertur-
bations are applied to the initial background flow fields shown
in Fig. 1 to simulate realistic broadband disturbances and fa-
cilitate the development of multiscale flow structures. Al-
though multiple modes are initially present, linear stability
theory predicts that the fastest-growing mode dominates the
early evolution. As the instability develops, nonlinear interac-
tions govern its subsequent evolution. A fixed random seed is
used for all simulations to ensure reproducibility of the white-
noise perturbation field. The perturbations applied to the ve-
locity and buoyancy fields are defined as the

u′(x,z) = α ∆U Ru(x,z), (3)

w′(x,z) = α ∆U Rw(x,z), (4)

B′(x,z) = α ∆BRB(x,z), (5)

where u′, w′, and B′ denote the perturbations to the horizontal
velocity, vertical velocity, and buoyancy fields, respectively,
while ∆U and ∆B denote the characteristic velocity and buoy-
ancy differences across the shear and stratification layers, re-
spectively. The quantities Ru, Rw, and RB are Gaussian ran-
dom fields with zero mean and unit variance. The parameters
∆U =Umax −Umin and ∆B = Bmax −Bmin denote the velocity
and buoyancy differences across the shear and stratification
layers, respectively, and α = 10−2 specifies the perturbation
amplitude.

B. Flow Configuration

The canonical 2D KH instability configuration is employed
to generate the high-fidelity dataset. The background ve-
locity field, Ū(z) = (Ū(z),W̄ (z)), and the background buoy-
ancy field, B̄(z), are parameterized by the centerline gradient
Richardson number, J, and the scale ratio, R. The initial back-
ground velocity field is prescribed using the hyperbolic tan-
gent profile commonly adopted in stratified shear-layer stud-
ies35,

Ū(z) = (Ū(z), W̄ (z)) = (tanh(z), 0) , (6)

which represents a free shear layer centered at z = 0.
To examine the effects of stable stratification, the back-

ground buoyancy field is prescribed as35.

B̄(z) =
J
R

tanh(Rz), (7)

The corresponding buoyancy frequency (N, also known as the
Brunt–Väisälä frequency) is obtained from35,

N2(z) =
dB̄
dz

, (8)

where R = hu/hb is a scale parameter defined as the ratio of
shear layer thickness (hu) to stratification layer thickness (hb),
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controls the vertical extent of the stratification layer. In this
study, (hu) is kept constant at unity, and the R is varied through
hb. The local gradient Richardson number is expressed as

Ri(z) =
N2(z)(︂

dŪ
dz

)︂2 , (9)

where J = Ri(0) denotes the centerline gradient Richardson
number.

Velocity Buoyancy

(a) (b)

FIG. 1. Schematic representation of the background profiles. (a)
Background velocity profile Ū(z) ; (b) Background buoyancy profile
B̄(z). In this study, the velocity profile is fixed, while the buoyancy
profile is varied through the parameters J and R = hu/hb, with J
controlling the stratification strength and R controlling the relative
thickness of the stratification layer.

The instability arises from the interaction between shear
and stratification. The velocity shear extracts kinetic en-
ergy from the mean flow, promoting the growth of pertur-
bations9, whereas stratification suppresses vertical motion
through buoyancy effects. The structure of the background
profiles is shown in Fig. 1. In this configuration, the back-
ground velocity profile is held constant, while changes in the
buoyancy profile through variations in J and R make it pos-
sible to investigate a range of stratification conditions10. For
weak stratification (low J), the flow becomes unstable and is
dominated by KH instability, characterized by the formation
of large-scale coherent vortical structures.

C. Dataset Generation

The LES framework is used to generate datasets for training
machine-learning (ML) models. Different flow conditions are
obtained by varying the two nondimensional parameters of R
and J36. A total of 32 cases are sampled uniformly across the
(J,R) parameter space for training, with an additional three
cases reserved for testing, as shown in Fig. 2. Each case corre-
sponds to a unique combination of the governing parameters
and therefore represents a distinct background stratification
condition. The selected J values lie predominantly within the
KH-instability regime (J < 1/4)13,14.

FIG. 2. Distribution of cases in the (J, R) parameter space. Each
point represents a distinct initial background flow condition. Red
markers denote training cases, while blue markers indicate unseen
test cases used to evaluate model generalization.

TABLE I. Dataset configuration for ML model training and evalua-
tion.

Parameter Value
Simulation time per case 200 s
LES simulation time step ∆t = 0.02s
ML data sampling interval ∆t = 0.40s
Snapshots per simulation case 501
Training simulation cases 32
Unseen evaluation cases 3
Total training snapshots (32×501) 16,032
Training : Validation split 9:1
Training samples 14,428
Validation samples 1,604

The high-dimensional flow fields are generated using LES
on a structured Cartesian grid comprising 256 × 128 grid
points in the streamwise and vertical directions, respectively.
All simulations employ a fixed time step of ∆t = 0.02s. A
CFL sensitivity analysis was performed to determine the ap-
propriate numerical time step, and the detailed analysis is pro-
vided in Appendix A. Each simulation is run up to t = 200 s,
allowing the flow to evolve from the linear growth stage into
the nonlinear regime. Flow-field snapshots are recorded ev-
ery 0.40s, yielding 501 snapshots per simulation case. The 32
training simulation cases therefore produce a total of 16,032
snapshots, which are randomly split into training and valida-
tion datasets using a 9:1 ratio. In addition, three unseen simu-
lation cases are reserved exclusively for evaluating the gener-
alization capability of the trained models. The overall dataset
generation and data partitioning are summarized in Table I.
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III. METHODOLOGY

The numerical simulations described above generate
spatio-temporal datasets describing the evolution of the flow.
The LES solves u, w, and B. Flow-field snapshots are recorded
every ∆t = 0.40s, while the LES is advanced using a numer-
ical time step of ∆t = 0.02s over a total simulation time of
200s. From u and w, the total vorticity Ω is computed as

Ω =
∂w
∂x

− ∂u
∂ z

. (10)

The total buoyancy B is directly obtained from the LES. The
velocity fields (u,w) can also be used to characterize the flow
evolution. In the present study, Ω is selected as a derived
flow representation because it directly emphasizes the vorti-
cal structures and velocity gradients associated with the KH
instability. In addition, using (Ω,B) provides a more compact
representation of the flow with two input fields rather than
the three fields (u,w,B), thereby reducing the number of input
fields used for ROM training. Both input fields are subse-
quently decomposed into background and perturbation com-
ponents to separate the mean stratified shear-flow state from
the instability-induced motions that develop during KH evo-
lution.

The total fields are expressed as

Ω(x,z, t) = Ω̄(z)+Ω
′(x,z, t), (11)

and

B(x,z, t) = B̄(z)+B′(x,z, t), (12)

where Ω̄(z) and B̄(z) denote the background vorticity and
buoyancy fields, respectively, while Ω′(x,z, t) and B′(x,z, t)
represent the corresponding perturbation quantities. The
background vorticity Ω̄ is computed from the prescribed back-
ground velocity profile (Eq. 6), while the perturbation vortic-
ity is obtained from the perturbation velocity field Eqs. (3) and
(4).

These flow field datasets serve as the input for training the
ROM framework introduced in this study. The framework
combines deep-learning-based dimensionality reduction with
latent-space temporal forecasting to model the evolution of the
flow. This section first presents a traditional approach consist-
ing of a CNN-AE coupled with an LSTM network. Its perfor-
mance is subsequently used as a reference for evaluating the
proposed multiscale framework introduced in the following
sections.

A. Traditional CNN-AE + LSTM Model

The CNN-AE + LSTM framework consists of two stages:
(i) spatial compression of flow fields using a CNN-AE, and
(ii) temporal prediction of the latent representations using an
LSTM network. The predicted latent representations are then
decoded to reconstruct the flow fields.

1. Convolutional Neural Network-based Autoencoder
(CNN-AE)

The CNN-AE is employed to learn a compact low-
dimensional representation of the high-dimensional flow
fields while preserving the information required for accurate
reconstruction37. As illustrated in Fig. 3, the encoder pro-
gressively compresses the input flow fields through successive
convolution and pooling operations, and the decoder recon-
structs the corresponding flow fields from the encoded repre-
sentation. The convolutional architecture effectively extracts
the spatial features associated with coherent flow structures.

Let X(i) ∈ R128×256×2 denote the input flow fields at the
current snapshot (i), where the two channels correspond to Ω

and B. The encoder, E , compresses the input flow fields into
a low-dimensional latent representation,

lv(i) = E
(︁
X(i)

)︁
, lv(i) ∈ R4×8×16. (13)

The decoder, D , reconstructs the flow snapshot from the
latent representation, lv(i), as

X̂(i) = D
(︁
lv(i)

)︁
, X̂(i) =

(︁
Ω̂(i), B̂(i)

)︁
∈ R128×256×2, (14)

where X̂(i) denotes the reconstructed flow snapshot, whose
two channels correspond to the reconstructed vorticity, Ω̂(i),
and reconstructed buoyancy, B̂(i), respectively.

The encoder consists of five convolutional blocks, each
comprising a convolutional layer with a 3× 3 kernel, stride
1, padding 1, a tanh activation function, and a max-pooling
layer of size 2. These operations progressively reduce the
spatial resolution while extracting increasingly abstract flow
features, resulting in the latent representation lv(i), as summa-
rized in Table II. The decoder D mirrors the encoder architec-
ture using transposed convolution layers with a 2× 2 kernel
and stride 2 to reconstruct the flow fields.

The CNN-AE model is trained using a combined loss con-
sisting of the mean squared error (MSE), εm, and a gradient
difference loss, εg. The total loss, ε , is given by23

ε = εm + εg, (15)

where εm enforces reconstruction accuracy and εg preserves
gradient-based structural features. The MSE term is defined
as

εm =
1

NxNyNc

Nx

∑
i=1

Ny

∑
j=1

Nc

∑
k=1

(︁
qi, j,k − q̂i, j,k

)︁2
, (16)

and the gradient difference loss is given by

εg =
1

NcNxNy

Nc

∑
k=1

Nx

∑
i=1

Ny

∑
j=1

⃓⃓
(qi, j,k −qi−1, j,k)− (q̂i, j,k − q̂i−1, j,k)

⃓⃓
+
⃓⃓
(qi, j,k −qi, j−1,k)− (q̂i, j,k − q̂i, j−1,k)

⃓⃓
,

(17)

where qi, j,k and q̂i, j,k denote the ground truth and recon-
structed values of the flow variables, respectively. The indices
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FIG. 3. Schematic of the CNN-AE architecture. The current input flow snapshot, X(i) ∈ R128×256×2, consists of two channels corresponding
to Ω(i) and B(i). The encoder comprises convolutional layers with 3× 3 kernels, stride 1, tanh activation, and max-pooling of size 2, which
progressively compress the input into the latent representation, lv(i) ∈ R4×8×16. The decoder reconstructs the corresponding flow snapshot,
X̂(i) ∈ R128×256×2, using transposed convolution layers. The detailed layer-wise architecture is summarized in Table II.

TABLE II. Architecture of the CNN-AE model. The input and output dimensions of each layer are denoted by (H,W,C), where H, W , and
C represent the height, width, and number of channels, respectively. Each convolutional block consists of a convolutional layer followed by a
tanh activation and max-pooling operation.

Encoder Output Shape (H,W,C) Decoder Output Shape (H,W,C)
Input (128,256,2) Latent Representation (4,8,16)
Conv Block 1 (64,128,16) Transposed Conv Block 1 (8,16,16)
Conv Block 2 (32,64,16) Transposed Conv Block 2 (16,32,16)
Conv Block 3 (16,32,16) Transposed Conv Block 3 (32,64,16)
Conv Block 4 (8,16,16) Transposed Conv Block 4 (64,128,16)
Conv Block 5 (4,8,16) Transposed Conv Block 5 (128,256,2)
Final Conv (1×1) (4,8,16) Output (128,256,2)

i and j correspond to the spatial grid locations in the x and
y directions, while k represents the channel index (Ω and B).
The quantities Nx and Ny denote the number of grid points in
the spatial directions, and Nc is the total number of channels.
The encoder and decoder networks in the CNN-AE model are
optimized using hyperparameters listed in Table III. Once the
model is trained, the encoder projects flow snapshots into la-
tent representations, which serve as inputs to the temporal pre-
diction model described next.

2. Long Short-Term Memory (LSTM)

The temporal evolution of the latent representations ex-
tracted from the CNN-AE is propagated forward through the
LSTM network. The LSTM learns the nonlinear dynamics of
the latent representations lv(i) ∈ R4×8×16, where (i) denotes
the temporal index of the flow snapshot. The model is trained
to perform one-step prediction in the latent space. The latent
representation is flattened into a latent vector, denoted by

Z(i) ∈ R512. (18)

TABLE III. Optimized hyperparameters used in the CNN-AE model.

Hyperparameter Selected Value
Number of convolutional layers 10
Number of filters per layer 16
Kernel size 3×3
Activation function tanh
Pooling operation Max pooling
Upsampling operation Transposed convolution
Loss function ε refer to Eq. (15)
Loss weight (Ω : B) 1 : 1
Optimizer Adam38

Learning rate 10−3

Batch size 80
Number of epochs 8000

The governing flow parameters J and R, are augmented
with Z(i) to form the LSTM input vector

h(i) =
[︁
Z(i),J,R

]︁
, h(i) ∈ R514. (19)

The augmented input vector h(i) is passed through the
stacked LSTM layers to model the temporal evolution of the
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FIG. 4. Schematic of the parameter-conditioned LSTM framework used for latent-space forecasting. Ground-truth latent representations ex-
tracted from the CNN-AE encoder are first flattened into latent vectors, Z(i) ∈R512, which are augmented with the governing flow parameters,
J and R, to form the parameter-conditioned input vectors, h(i) ∈ R514. During training, the LSTM is trained using a one-step prediction

framework, and the output of the final LSTM layer is projected through a FCL to predict the latent vector at the subsequent time step, ˜︁Z(i+1),
corresponding to a prediction interval of ∆t = 0.40s. During inference, the predicted latent vector is recursively augmented with J and R and
supplied back to the LSTM to generate long-horizon latent-space predictions over the entire simulation duration (200s). Finally, the predicted
latent vectors are reshaped to their original dimensions and passed through the CNN-AE decoder to reconstruct the corresponding future vor-
ticity and buoyancy fields, Ω and B.

latent representation while accounting for variations in the
governing flow parameters. The output of the final LSTM
layer, denoted by o(i), is given by

o(i) = L
(︁
h(i)

)︁
, o(i) ∈ R512, (20)

where L (·) denotes the nonlinear mapping performed by the
LSTM. The output of the final LSTM layer is subsequently
projected onto the latent space through a fully connected out-
put layer,

˜︁Z(i+1) = W f co(i)+b f c, ˜︁Z(i+1) ∈ R512, (21)

where W f c and b f c denote the learnable weight matrix and
bias vector of the fully connected layer (FCL). The predicted
latent vector, ˜︁Z(i+1), is then augmented with the governing

flow parameters to construct the input vector, h(i+1), for the
subsequent prediction,

h(i+1) =
[︂˜︁Z(i+1),J,R

]︂
, h(i+1) ∈ R514, (22)

During training, the LSTM is trained to perform one-step
prediction using the parameter-conditioned input vector, h(i),
constructed from the latent vector, Z(i), and the governing
flow parameters, J and R, to predict the latent vector at the
subsequent time step, ˜︁Z(i+1), as described by Eqs. (19)–(22).
The predicted latent vector is compared with the correspond-
ing ground-truth latent vector, Z(i+1), through the loss func-
tion defined in Eq. (23). During inference, the trained LSTM
is used in a recursive prediction manner, where the predicted
latent vector, ˜︁Z(i+1), is augmented with the governing flow
parameters to construct the input vector, h(i+1), for the subse-
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quent prediction. This recursive procedure is repeated at every
prediction interval of ∆t = 0.40s until the desired prediction
horizon is reached. In the present study, recursive predictions
are performed over the entire simulation duration of 200s for
a given flow condition specified by J and R. The predicted la-
tent vectors are subsequently reshaped to their original dimen-
sions and passed through the CNN-AE decoder to reconstruct
the corresponding Ω and B fields, as illustrated in Fig. 4.

The LSTM architecture consists of three stacked recurrent
layers with 512 hidden units per layer and a dropout rate of
0.2 applied between successive layers. The output of the final
LSTM layer is passed through a fully connected output layer
to obtain the predicted latent vector, which is subsequently
reshaped to the original latent-space dimensions and provided
as input to the decoder for flow-field reconstruction.

The LSTM model is trained by minimizing the mean
squared error (MSE) between the predicted and ground-truth
latent vectors,

εm =
1
Ns

Ns

∑
k=1

⃦⃦⃦˜︁Zk −Zk

⃦⃦⃦2
, (23)

where εm denotes the mean squared error loss, ˜︁Zk and Zk de-
note the predicted and ground-truth latent vectors for the kth
training sample, respectively, and Ns denotes the number of
training samples in a batch. The optimized hyperparameters
used for the LSTM model are summarized in Table IV.

TABLE IV. Optimized hyperparameters used in the LSTM model.

Hyperparameter Selected Value
Input dimension 514
Hidden dimension 512
Output dimension 512
Number of LSTM layers 3
Dropout rate 0.2
Fully connected output layer Yes
Loss function εm refer to Eq. (23)
Optimizer Adam38

Learning rate 10−3

Batch size 80
Number of epochs 3000

3. Limitations of the Traditional CNN-AE + LSTM Model

Preliminary assessments of the traditional CNN-AE +
LSTM model revealed several limitations in predicting the
temporal evolution of KH instability. Although the framework
accurately reconstructs the dominant large-scale flow struc-
tures, its performance deteriorates in representing the small-
scale flow motions that emerge during the nonlinear stages of
the instability. Since the CNN-AE compresses the entire flow
field into a single latent representation, the dominant large-
scale structures contribute more significantly to the recon-
struction loss and tend to overshadow the small-scale motions.
Consequently, the latent representation primarily captures the

dominant flow dynamics, while the finer-scale structures are
represented with reduced accuracy.

In addition, the spatial encoder is not explicitly conditioned
on the governing flow parameters, limiting its ability to repre-
sent parameter-dependent flow features across different com-
binations of J and R values. Preliminary analysis also re-
vealed phase discrepancies in the predicted temporal evolu-
tion during the nonlinear stages of the instability, indicating
reduced accuracy in tracking the evolution of coherent flow
structures, as observed, for example, in the testing case at
t = 100s (Fig. 7).

These observations motivate the development of a scale-
separated (multiscale) framework that independently repre-
sents the dominant large-scale and small-scale flow motions
while incorporating parameter-dependent information. De-
tailed quantitative evidence supporting these observations is
presented in Section IV.

B. Proposed Scale-Separated Framework: Multiscale
CNN-AE + LSTM Model

The proposed multiscale framework is motivated by the
limitations of the traditional CNN-AE + LSTM model dis-
cussed in Section III A 3. The underlying idea is that a sin-
gle latent representation primarily focuses on dominant large-
scale flow structures because they contribute more to the re-
construction error than small-scale motions.

As a result, the model tends to capture large-scale dynam-
ics well but underrepresents the smaller features. To overcome
this, the proposed framework decomposes the flow into large-
and small-scale components and learns a dedicated latent rep-
resentation for each component. Both these latent representa-
tions are concatenated and their temporal evolution is jointly
predicted through the LSTM.

The proposed multiscale architecture consists of three inter-
connected networks (Networks A–C), as illustrated in Fig. 5.
Each network is designed to model a distinct aspect of the
flow. Network A, referred to as the State CNN-AE, extracts
the latent representation of the dominant large-scale flow
structures. Network B, referred to as the Difference CNN-AE,
learns the latent representation of the small-scale flow mo-
tions. The latent representations obtained from Networks A
and B are subsequently combined and augmented with the
governing flow parameters, J and R, before being supplied
to Network C. The parameter-conditioned LSTM then jointly
learns the temporal evolution of the combined latent represen-
tations across different background flow conditions.

Thus, the large- and small-scale components are separated
only at the spatial representation stage, while their tempo-
ral evolution is jointly propagated forward in time through
the parameter-conditioned LSTM. This allows the proposed
framework to retain information from both large- and small-
scale structures while learning their combined temporal evo-
lution during the development of the KH instability. The fol-
lowing subsections describe the three networks and their re-
spective roles within the proposed framework.



A Multi-scale Deep Learning Framework for Predicting Stratified Shear Flow Instabilities 9

Proposed Scale-Separated Framework (Multiscale CNN-AE+LSTM Model)
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FIG. 5. Schematic of the proposed multiscale CNN-AE + LSTM framework. The input flow snapshot is first processed by Network A (State
CNN-AE), which extracts the latent representation of the dominant large-scale flow structures and reconstructs the corresponding large-scale
flow fields. The difference between the original flow snapshot and the reconstruction from Network A is subsequently supplied to Network B
(Difference CNN-AE), where the governing flow parameters, J∗ and R∗, are incorporated through latent-space parameter augmentation to
learn the latent representation of the small-scale flow motions. The latent representations obtained from Networks A and B are concatenated
and augmented with the governing flow parameters, J and R, to form the input to Network C (LSTM), which learns their coupled temporal
evolution in the latent space. The predicted latent representations are subsequently decoded through the respective decoders of Networks A
and B to reconstruct the large- and small-scale flow components, which are finally combined to obtain the predicted flow snapshot. During
inference, the predicted latent representation is recursively supplied to the LSTM to enable long-horizon prediction. The detailed mathematical
formulation of each network is presented in the corresponding methodology sections.

1. State CNN-AE Model: Network A

Network A is identical to the traditional CNN-AE model
described in Section III A 1 and illustrated in Fig. 3. The same
network architecture and optimized hyperparameters are re-
tained in the proposed framework to ensure a direct and fair
comparison with the traditional CNN-AE model. In the pro-
posed multiscale framework, Network A, referred to as the
State CNN-AE, learns a low-dimensional latent representa-
tion of the dominant large-scale flow structures, referred to
as the state latent representation. To capture the small-scale
flow motions, a second network, referred to as the Difference
CNN-AE, is introduced and described in the following sub-
section.

2. Difference CNN-AE Model: Network B

Network B is designed to learn the small-scale flow mo-
tions that are not captured by Network A, referred to as the
Difference CNN-AE model. Let X̂A

(i) denote the reconstructed
flow snapshot obtained from Network A. The input to Net-
work B, denoted by ∆X(i), is defined as the difference between
the original flow snapshot and its corresponding reconstruc-
tion from Network A at current snapshot i,

∆X(i) = X(i)− X̂A
(i) =

(︂
Ω(i)− Ω̂

A
(i), B(i)− B̂A

(i)

)︂
, (24)

where

∆X(i) =
(︁
∆Ω(i),∆B(i)

)︁
∈ R128×256×2, (25)

denotes the difference flow fields of vorticity (∆Ω(i)) and
buoyancy (∆B(i)). These difference flow fields predominantly
contain the small-scale flow motions that are not captured by
the State CNN-AE and therefore serve as the input to Net-
work B.

Before training Network B, the input difference flow fields
are normalized using maximum absolute value scaling. The
normalized difference vorticity (∆Ω∗

(i)) and buoyancy fields
(∆B∗

(i)) are given by

∆Ω
∗
(i) =

∆Ω(i)

∆Ωmax
, ∆B∗

(i) =
∆B(i)

∆Bmax
, (26)

where ∆Ωmax and ∆Bmax denote the maximum absolute values
of the corresponding difference fields computed over the en-
tire training dataset. This normalization scales the input vari-
ables to comparable numerical magnitudes (approximately
within the range [−1,1]), thereby preventing variables with
larger values from dominating the optimization process.

Since Network B employs the same encoder–decoder ar-
chitecture as Network A, its schematic representation is omit-
ted for brevity. Apart from the incorporation of the govern-
ing flow parameters in the latent space, Network B retains
the same architecture and training configuration as the State
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CNN-AE (Tables II and III). The principal modifications in-
clude increasing the number of convolutional filters from 16
to 32 to improve the representation of fine-scale flow motions,
reducing the learning rate to 10−4, and extending the training
duration to 15 000 epochs. The effect of increasing the num-
ber of convolutional filters is examined through an ablation
study in Appendix B, which supports the choice of 32 filters
used in this study.

The encoder, E , compresses the normalized difference flow
fields into a latent representation, hereafter referred to as the
difference latent representation,

d(i) = E
(︂

∆X∗
(i)

)︂
, d(i) ∈ R4×8×32, (27)

where d(i) denotes the latent representation of the normalized
difference flow fields.

In the initial implementation of Network B, the governing
flow parameters J and R were not incorporated, consistent
with the architecture of Network A. Since Network A suc-
cessfully learns a low-dimensional representation of the dom-
inant large-scale flow structures directly from the flow snap-
shots, explicit conditioning on the governing flow parameters
was not initially considered necessary. However, preliminary
experiments during model development showed that this for-
mulation resulted in reduced reconstruction accuracy of the
difference flow fields and poorer generalization across differ-
ent stratification conditions.

Unlike the dominant large-scale structures learned by Net-
work A, the difference input flow fields, ∆X(i), in Network B
predominantly contain small-scale flow motions whose spa-
tial distribution and temporal evolution depend strongly on
the governing flow parameters, J and R. Consequently, the
information contained in the difference flow fields alone is in-
sufficient to consistently represent these parameter-dependent
small-scale dynamics. To overcome this limitation, the nor-
malized governing flow parameters, J∗(i) and R∗

(i), are incorpo-
rated into the latent representation of Network B after feature
extraction by the encoder. Since J and R are scalar quantities
rather than spatially varying fields, introducing them at the
latent level enables the convolutional encoder to first extract
spatial features from the difference flow fields before condi-
tioning the latent representation on the governing flow param-
eters.

The normalized governing flow parameters are given by

J∗(i) =
J(i)
Jmax

, R∗
(i) =

R(i)

Rmax
, (28)

where J(i) and R(i) denote the centerline gradient Richardson
number and scale ratio, respectively, corresponding to the ith
flow snapshot. The quantities Jmax and Rmax denote the maxi-
mum values of the corresponding parameters in the dataset.
The latent representation obtained from Eq. (27) is subse-
quently flattened into a one-dimensional latent vector,

d f
(i) ∈ R1024, (29)

where d f
(i) denotes the flattened one-dimensional latent vec-

tor corresponding to the encoded difference flow fields. The

normalized governing flow parameters, J∗(i) and R∗
(i), are con-

catenated with the latent vector to form the augmented latent
vector,

da
(i) =

[︂
d f
(i),J

∗
(i),R

∗
(i)

]︂
, da

(i) ∈ R1026, (30)

where da
(i) denotes the parameter-augmented latent vector.

The augmented latent vector (da
(i)) is mapped back to the orig-

inal latent-space dimension through a FCL, yielding

˜︁d f
(i) = Wfcda

(i)+bfc, ˜︁d f
(i) ∈ R1024, (31)

where ˜︁d f
(i) denotes the parameter-conditioned latent vector af-

ter the FCL, and Wfc and bfc denote the learnable weight ma-
trix and bias vector, respectively. The parameter-conditioned
latent vector is subsequently restored to the original latent-
space dimensions to obtain the final parameter-conditioned la-
tent representation, denoted as d(lv)(i),

d(lv)(i) ∈ R4×8×32, (32)

The decoder, D , reconstructs the normalized difference
flow fields from the final parameter-conditioned latent repre-
sentation,

∆X̂∗
(i)=D

(︂
d(lv)(i)

)︂
, ∆X̂∗

(i)=
(︂

∆Ω̂
∗
(i),∆B̂∗

(i)

)︂
∈R128×256×2,

(33)
where ∆X̂∗

(i) denotes the reconstructed normalized difference
flow snapshot, whose two channels correspond to the recon-
structed normalized difference vorticity, ∆Ω̂∗

(i), and recon-
structed normalized difference buoyancy, ∆B̂∗

(i), respectively.
The reconstructed normalized difference flow fields are sub-
sequently rescaled to obtain the corresponding physical-space
difference flow fields,

∆X̂(i) =
(︁
∆Ω̂(i),∆B̂(i)

)︁
∈ R128×256×2, (34)

where ∆X̂(i) denotes the reconstructed physical-space differ-
ence flow snapshot.

Network B is trained using the loss function defined in
Eq. (15), applied to the normalized difference flow fields. By
learning the difference flow fields rather than the absolute flow
fields, Network B focuses on representing the small-scale,
transient, and intermittent flow motions that are not captured
by Network A.

3. LSTM Model : Network C

Network C is designed to learn the temporal evolution of
KH instabilities across different flow conditions characterized
by J and R. Unlike the traditional LSTM model, which oper-
ates on the latent representation obtained from a single CNN-
AE, the proposed Network C utilizes the scale-separated latent
representations extracted from Networks A and B. Once Net-
works A and B are trained, the state latent representation, lv(i),
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learned by Network A and the parameter-conditioned differ-
ence latent representation, d(lv)(i), learned by Network B
are concatenated. The resulting latent representation is sub-
sequently transformed into a one-dimensional latent vector,
which serves as the input to Network C.

Since the latent representations from Networks A and B en-
code different scales of the flow, they exhibit different value
ranges. Direct concatenation can therefore lead to an im-
balanced input representation, where high-amplitude small-
scale features may dominate the temporal learning process.
To ensure balanced contributions from both latent compo-
nents, each latent representation is independently normalized
using mean-standard deviation normalization prior to concate-
nation.

A mean-standard deviation normalization is applied inde-
pendently to the latent representations obtained from Net-
works A and B before training the LSTM model. The nor-
malized latent representations are given by

˜︁lv(i) = lv(i)−µlv

σlv
, ˜︁d(lv)(i) =

d(lv)(i)−µd

σd
, (35)

where ˜︁lv(i) and ˜︁d(lv)(i) denote the normalized state and differ-
ence latent representations of Networks A and B, respectively.

The mean and standard deviation are computed element-
wise across all latent representations in the training dataset.
Specifically, for each spatial location and channel in the la-
tent representation, the corresponding values from all train-
ing samples, aggregated over all training cases and time snap-
shots, are used to compute a single mean and standard devia-
tion. The statistics for the latent representations of Network A
are computed as

µlv =
1
N

N

∑
n=1

lv(n), σlv =

√︄
1

N −1

N

∑
n=1

(︂
lv(n)−µlv

)︂2
,

(36)
while the corresponding statistics for the latent representa-
tions of Network B are computed as

µd =
1
N

N

∑
n=1

d(lv)(n), σd =

√︄
1

N −1

N

∑
n=1

(︂
d(lv)(n)−µd

)︂2
,

(37)
where µlv and σlv denote the element-wise mean and stan-
dard deviation of the latent representations from Network A;
µd and σd denote the corresponding element-wise mean and
standard deviation of the latent representations from Net-
work B. Furthermore, lv(n) ∈R4×8×16 and d(lv)(n) ∈R4×8×32

denote the latent representations corresponding to the nth
training sample from Networks A and B, respectively, N is
the total number of latent representations aggregated over all
training cases and time snapshots. Consequently, the mean
and standard deviation tensors have the same dimensions
as their corresponding latent representations, i.e., µlv,σlv ∈
R4×8×16 and µd ,σd ∈ R4×8×32.

The vectors ˜︁lv(i) and ˜︁d(lv)(i) are flattened and concatenated
into a one-dimensional latent vector, denoted by

Z(i) ∈ R1536, (38)

which serves as the input to Network C.
Network C employs the same parameter-conditioned

LSTM architecture described in Sec. III A 2. The latent vec-
tor, Z(i), is augmented with the governing flow parameters, J(i)
and R(i), to construct the input vector, h(i), and is subsequently
propagated through the LSTM using the same one-step pre-
diction strategy and recursive inference procedure described
in Eqs. (19)–(23). The primary architectural difference from
the traditional LSTM framework is that the latent-space di-
mension increases from 512 to 1536 owing to the concatena-
tion of the state and parameter-conditioned difference latent
representations.

Network C employs the same training configuration as the
traditional LSTM model, except for the input, hidden, and out-
put dimensions and the learning rate. The input, hidden, and
output dimensions are increased to 1538, 1536, and 1536, re-
spectively, while the learning rate is reduced to 10−4. The
model is trained for 3000 epochs, consistent with the tradi-
tional LSTM model. The optimized hyperparameters are sum-
marized in Table IV.

Although the LSTM output and latent-space dimensions
are both 1536, a fully connected output layer is employed
to provide additional flexibility in mapping the LSTM out-
put to the latent representation required by the decoders. To
assess its contribution, an ablation study was performed by
training Network C with and without the fully connected out-
put layer while keeping all other architectural components
and training settings unchanged. The comparison presented
in Appendix C shows that removing the fully connected out-
put layer increases the prediction error, particularly during the
nonlinear evolution of the KH instability. Therefore, the fully
connected output layer is retained in the final architecture.

The predicted latent vector is subsequently reshaped to its
original dimensions and separated into the state latent repre-
sentation and the parameter-conditioned difference latent rep-
resentation. These latent representations are supplied to the
corresponding decoders of Networks A and B to reconstruct
the large-scale and small-scale flow components, respectively.
Finally, the reconstructed small-scale flow fields are superim-
posed onto the reconstructed large-scale flow fields to obtain
the predicted flow snapshot. This reconstruction strategy pre-
serves both dominant coherent structures and fine-scale flow
features, thereby enabling physically consistent prediction of
multiscale flow dynamics. The overall framework integrates
spatial encoding, scale separation, temporal prediction, and
reconstruction within a unified deep-learning architecture.

IV. RESULTS

In this section, we assess the performance of the traditional
CNN-AE + LSTM model and the proposed multiscale CNN-
AE + LSTM model in predicting the temporal evolution of KH
instability from a given initial snapshot. The comparison is
conducted over various flow conditions defined in the param-
eter space of J and R, encompassing both training and unseen
test cases. For detailed evaluation, three representative train-
ing cases are selected from the 32 training cases used during
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model development, along with the three unseen testing cases
introduced in Section II C. The selected representative cases
are summarized in Table V.

TABLE V. Representative training and testing cases selected for de-
tailed model evaluation.

Case R J Description
Training 1 3.0 0.05 Model seen R and J
Training 2 5.0 0.15 Model seen R and J
Training 3 7.0 0.20 Model seen R and J
Testing 1 2.5 0.05 Model unseen R, seen J
Testing 2 7.0 0.18 Model seen R, unseen J
Testing 3 4.5 0.12 Model unseen R and J

The models are assessed based on their ability to accurately
reconstruct flow fields and capture the underlying dynamics.
In addition to snapshot comparison, physics-based metrics,
such as perturbation enstrophy, growth rate, and the 2D ki-
netic energy spectrum, are used to quantify predictive per-
formance. The results are presented in the following order:
first, the performance of the traditional model is analyzed to
highlight its limitations, followed by the evaluation of the pro-
posed scale-separated framework and its improvements over
the traditional approach.

A. Traditional CNN-AE + LSTM Model

Before training, the input flow fields are scaled so as to en-
sure that the values of both Ω and B are in the range [−1,1].
The scaled flow fields are then passed through the CNN-
AE model, where they are compressed from an input size of
128×256×2 to a latent representation of size 4×8×16, re-
ducing the dimensionality by a factor of 128 while retaining
the dominant flow features. These latent representations are
subsequently provided to the LSTM model to learn and pre-
dict the temporal evolution of the flow. The predicted latent
vectors are then decoded and rescaled to reconstruct the phys-
ical flow fields. The performance of the traditional CNN-AE
+ LSTM framework is evaluated based on its ability to recon-
struct flow fields and predict their temporal evolution across
different flow conditions characterized by the parameters J
and R.

The training and validation loss histories of the traditional
framework are presented in Fig. 6, while the final training and
validation losses of both the traditional and proposed multi-
scale frameworks are summarized in Table VI. The loss his-
tories demonstrate stable convergence for both the CNN-AE
and LSTM models, characterized by a rapid decrease during
the initial stages of training followed by a gradual plateau.
As shown in Fig. 6(a), the CNN-AE converges after ap-
proximately 8000 training epochs, whereas the LSTM model
reaches convergence within approximately 3000 epochs, as
shown in Fig. 6(b). The final training and validation losses
indicate satisfactory model performance, with the LSTM ex-
hibiting lower loss values owing to learning in the reduced-
order latent space. Beyond these training epochs, further op-
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FIG. 6. Training and validation loss histories of the traditional
CNN-AE + LSTM framework. (a) CNN-AE model trained for 8000
epochs. (b) LSTM model trained for 3000 epochs using the latent
representations extracted from the CNN-AE. Both plots are shown
on a logarithmic scale to illustrate the convergence behavior during
training.

timization resulted in only marginal improvements in the val-
idation loss, indicating that both models had reached conver-
gence.

The trained CNN-AE + LSTM framework is evaluated us-
ing representative training and unseen testing cases to assess
its predictive capability across different flow conditions. Start-
ing from an initial flow field at approximately two e-folding
times (t = 20 s), the model recursively predicts the evolution
of Ω and B up to t = 200s. Fig. 7 compares the LES flow
fields with the corresponding CNN-AE + LSTM predictions
for a representative training case 2 and an unseen testing case
3. At early times, the model accurately reproduces the initial
shear-layer deformation and vortex roll-up structures with rel-
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Training Case 2 (J = 0.15, R = 5) Testing Case 3 (J = 0.12, R = 4.5)
t = 20s t = 20s

t = 50s t = 50s

t = 100s t = 100s

t = 150s t = 150s

t = 200s t = 200s

FIG. 7. Comparison of LES and traditional CNN-AE + LSTM predictions for a representative case. The left column corresponds to training
case 2, while the right column shows predictions for unseen testing case 3 at t = 20, 50, 100, 150, and 200s. Within each panel, the first, second,
and third sub-images represent the LES field, reconstructed field, and absolute error, respectively. The top and bottom sub-images correspond
to vorticity and buoyancy fields. Here, Ω and B denote the LES vorticity and buoyancy fields, Ω̂ and B̂ denote the reconstructed fields, and
|Ω− Ω̂| and |B− B̂| represent the corresponding absolute errors. Although the model captures the large-scale flow evolution reasonably well,
the reconstructed fields become progressively smoother at later times, leading to loss of fine-scale vortical structures and sharp buoyancy
gradients during the nonlinear stage.
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atively small reconstruction errors. During the intermediate
nonlinear stage (t = 50), the framework successfully captures
the dominant coherent structures and overall spatial organiza-
tion of the flow despite the substantial dimensionality reduc-
tion introduced by the latent-space representation.

As the flow evolves into the strongly nonlinear regime (t =
150 and 200s), the reconstructed fields become progressively
smoother, particularly in regions containing fine-scale vorti-
cal structures and sharp buoyancy gradients. Consequently,
the smaller-scale turbulent features weaken relative to the LES
data, resulting in increased reconstruction errors at later times.
Similar behavior is observed for the unseen testing case, indi-
cating that the model generalizes reasonably well across dif-
ferent combinations of J and R.

The traditional CNN-AE + LSTM framework is able to
capture the main, large-scale temporal evolution of KH in-
stability and shows good generalization across different flow
conditions. With only a single flow snapshot and the gov-
erning flow parameters as input, it can recursively predict the
flow evolution over long time horizons. Yet, as the flow en-
ters the strongly nonlinear stage, fine-scale vortical structures
and sharp buoyancy gradients are gradually lost in the recon-
structed fields. This loss of small-scale detail reveals the lim-
its of using a single-scale latent representation for spatial re-
construction and, in turn, motivates the multiscale framework
introduced in this work.

B. Proposed Multi-Scale CNN-AE and LSTM Model

The proposed framework is evaluated using the same train-
ing and testing cases as those considered for the traditional
CNN-AE + LSTM model, thereby facilitating a direct assess-
ment of the benefits of scale-separated feature learning. The
preprocessing, scaling, and training configuration of the pro-
posed networks are described in Section III B.

Since Network A adopts the same architecture and train-
ing configuration as the traditional CNN-AE model, its train-
ing and validation loss histories are identical to those of the
traditional CNN-AE model and are presented in Fig. 6(a).
The corresponding loss histories for Network B (Difference
CNN-AE) and Network C (LSTM) are shown in Fig. 8(a) and
(b), respectively, while the converged training and validation
losses of all three networks are summarized in Table VI.

TABLE VI. Summary of the converged training and validation losses
for the traditional and proposed models. The reported loss values cor-
respond to the converged loss levels obtained at the end of training.
Network A is identical to the CNN-AE model used in the traditional
framework and is therefore reported together with the CNN-AE re-
sults.

Metric
CNN-AE

(Network A)
LSTM
Model

Network
B

Network
C

Convergence epoch 8000 3000 15000 3000
Training loss 2.8×10−2 1.5×10−4 3.8×10−4 3.5×10−2

Validation loss 2.8×10−2 1.1×10−4 5.9×10−4 1.0×10−1

(a) Network B (Difference CNN-AE)
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(b) Network C (LSTM)
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FIG. 8. Training and validation loss histories of the proposed mul-
tiscale framework. (a) Difference CNN-AE (Network B) trained for
15,000 epochs to reconstruct the difference flow fields. (b) LSTM
(Network C) trained for 3,000 epochs to predict the temporal evolu-
tion of the combined latent representations. Both plots are presented
on a logarithmic scale to illustrate the convergence behavior during
training.

Network B exhibits stable convergence, with training and
validation losses remaining relatively close throughout the
training process, indicating good reconstruction capability
and generalization. Network C exhibits a noticeable gap be-
tween the training and validation losses throughout the train-
ing process. The training loss continues to decrease with in-
creasing epochs, whereas the validation loss decreases ini-
tially and subsequently reaches a near-constant value without
exhibiting an upward trend. This behavior indicates that the
model continues to improve its fit to the training data while
maintaining stable validation performance, suggesting that no
significant overfitting is observed within the considered train-
ing range.

Compared with the traditional CNN-AE + LSTM frame-
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Training Case 2 (J = 0.15, R = 5)

LES Traditional CNN-AE + LSTM Multiscale CNN-AE + LSTM

t=
20

s
t=

50
s

t=
10

0
s

t=
15

0
s

t=
20

0
s

FIG. 9. Comparison between the traditional CNN-AE + LSTM framework and the proposed multiscale CNN-AE + LSTM framework for
Training Case 2 (J = 0.15, R = 5) at different time instants. The left column shows the LES solution together with the traditional CNN-AE +
LSTM reconstruction and corresponding absolute error, while the right column shows the proposed multiscale framework reconstruction and
error. The rows correspond to different time instants from t = 20 s to t = 200s. Within each sub-image, the top and bottom panels represent
vorticity and buoyancy fields, respectively. Here, Ω and B denote the LES vorticity and buoyancy fields, Ω̂ and B̂ denote the reconstructed
fields, and |Ω− Ω̂| and |B− B̂| represent the corresponding absolute errors.
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Testing Case 3 (J = 0.12, R = 4.5)
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FIG. 10. Same as Fig. 9, but for Testing case 3.
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work (Figs. 7), the proposed multiscale framework (Fig. 9 and
10) shows improved reconstruction of the evolving KH insta-
bility for both the training and unseen testing cases. Starting
from an initial snapshot (t = 20 s) for specified (J,R) con-
ditions, both frameworks accurately capture the initial shear-
layer structure and vortex roll-up at early times. However, no-
ticeable differences emerge as the flow evolves into the non-
linear stage. At intermediate times (t = 50 s and t = 100 s), the
traditional CNN-AE + LSTM framework begins to produce
smoother vorticity and buoyancy fields, resulting in partial
loss of fine-scale spiral structures within the vortex core and
reduced sharpness along the shear interface. The associated
reconstruction error also becomes more spatially distributed,
particularly near regions with strong gradients. These dif-
ferences become more pronounced at later times (t = 150 s
and t = 200s), where the traditional framework exhibits sig-
nificant smoothing of vortical structures and buoyancy gra-
dients. In contrast, the proposed multiscale framework pre-
serves sharper interface structures and multiscale vortical fea-
tures more effectively, while maintaining lower and more lo-
calized reconstruction error throughout the flow evolution.

With the flow parameters (J,R) used as conditioning in-
puts, the model learns flow evolution patterns across insta-
bility regimes and can predict the full temporal evolution of
KH instability from a single initial snapshot. These findings
indicate that the scale-separated framework generalizes across
flow conditions and captures complex multiscale dynamics di-
rectly from data, without numerically solving the governing
equations.

C. Performance Assessment of CNN-AE + LSTM Models

This section evaluates the predictive performance of the tra-
ditional CNN-AE + LSTM framework and the proposed mul-
tiscale CNN-AE + LSTM framework using both statistical er-
ror metrics and physics-based flow diagnostics.

1. Performance Metrics

The predictive performance of the proposed framework is
evaluated using the mean squared error (MSE) and the co-
efficient of determination (R2). These metrics are computed
for each flow snapshot by comparing the LES reference and
the model-predicted flow fields. For each snapshot, the re-
constructed vorticity and buoyancy fields are combined and
flattened into a single vector, and the error metrics are sub-
sequently evaluated over all spatial grid points and both flow
variables. The temporal evolution of the snapshot-wise MSE
is further examined for representative training and testing
cases to assess the variation of the prediction error through-
out the evolution of the flow. The MSE and R2 are defined

as

MSE =
1
N

N

∑
i=1

(yi − ŷi)
2 , (39)

R2 = 1− ∑
N
i=1 (yi − ŷi)

2

∑
N
i=1 (yi − ȳ)2 , (40)

where yi and ŷi denote the LES reference and model-predicted
values, respectively, ȳ is the mean of the LES reference values,
and N is the total number of values obtained by combining the
vorticity and buoyancy fields over all spatial grid points in a
given flow snapshot.

TABLE VII. Comparison of the overall prediction performance of
the traditional CNN-AE + LSTM and the proposed multiscale CNN-
AE + LSTM frameworks for the representative cases listed in Ta-
ble V. The reported MSE and R2 values are averaged over all tem-
poral snapshots and evaluated over the combined vorticity (Ω) and
buoyancy (B) flow fields. Lower MSE values and higher R2 values
indicate better predictive performance.

Case MSE R2

Traditional Proposed Traditional Proposed
Training Case 1 1.456×10−2 1.233×10−3 0.668 0.973
Training Case 2 2.072×10−2 7.131×10−3 0.603 0.860
Training Case 3 6.996×10−3 3.465×10−3 0.859 0.929
Testing Case 1 8.730×10−3 1.750×10−3 0.810 0.962
Testing Case 2 1.303×10−2 6.347×10−3 0.736 0.871
Testing Case 3 5.607×10−3 3.916×10−3 0.883 0.918

Fig. 11(a)–(c) presents the temporal evolution of the MSE
computed over the combined Ω and B fields for the represen-
tative training cases, while Fig. 11(d)–(f) presents the corre-
sponding results for the representative testing cases. The pro-
posed multiscale framework consistently achieves lower and
more stable MSE values than the traditional approach. The
differences become particularly pronounced during the non-
linear stages of instability development, where the traditional
model exhibits substantial error. Correspondingly, the pro-
posed framework yields higher R2 values across all cases, with
the largest improvements observed for Training Cases 1 and 2
[Figs. 11(a) and 11(b)] and Testing Cases 1 and 2 [Figs. 11(d)
and 11(e)], which are characterized by stronger nonlinear and
multiscale dynamics (Table VII).

The mean R2 increases from 0.760 for the traditional frame-
work to 0.919 for the proposed multiscale framework (Ta-
ble VII), indicating a substantial improvement in predictive
accuracy. These results demonstrate the ability of the pro-
posed framework to more accurately predict the evolution of
complex stratified shear flow instabilities.

2. Physics-Based Performance Assessment

While statistical metrics such as MSE and R2 provide quan-
titative measures of reconstruction accuracy, they do not nec-
essarily assess whether the predicted flow fields preserve the
underlying physics of the instability. The predictive capability
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FIG. 11. Temporal evolution of the MSE for the representative training and testing cases listed in Table V. Note that this is the total MSE
computed for the Ω and B fields. The upper panel corresponds to the training cases, while the lower panel corresponds to the testing cases.
The dashed line denotes the traditional CNN-AE + LSTM framework, and the solid line represents the proposed multiscale CNN-AE + LSTM
framework.

of both frameworks is further evaluated using physics-based
flow diagnostics, including perturbation enstrophy, instability
growth rate, and kinetic energy spectra, and compared directly
with the corresponding LES results.

a. Perturbation Enstrophy: The perturbation enstrophy
provides a quantitative measure of the strength and evolution
of vortical motions within the flow. It is defined as

Ωpert(t) =
1
2

∫︂
A

Ω
′2 dxdz, (41)

, where Ωpert(t) denotes the perturbation enstrophy at time
t, Ω′ is the perturbation vorticity obtained by subtracting the
base-flow vorticity from the instantaneous vorticity field, and
A denotes the 2D computational domain.

Fig. 12(a)–(f) compares the evolution of perturbation en-
strophy predicted by the traditional CNN-AE + LSTM and
proposed multiscale CNN-AE + LSTM models against the
LES results for the selected training and testing cases. Both

approaches capture the overall growth and subsequent nonlin-
ear evolution of the instability. During the early stages, the
predicted enstrophy closely follows the LES evolution, indi-
cating that both models adequately represent the initial ampli-
fication of perturbations.

As the flow transitions into the nonlinear regime, differ-
ences between the two approaches become more pronounced.
The multiscale model maintains closer agreement with the
LES across all cases, reproducing both the magnitude and
temporal evolution of the enstrophy with greater accuracy. In
contrast, the traditional model exhibits larger deviations and
phase mismatches.

The improved performance of the multiscale model can be
attributed to its scale-separated representation, which facili-
tates the preservation of fine-scale vortical structures through-
out the prediction horizon. As a result, it more accurately
represents the physical processes associated with KH insta-
bility. Overall, these results indicate that the proposed frame-
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FIG. 12. Comparison of area-integrated perturbation enstrophy evolution for the representative training and testing cases (Table V) using LES,
the traditional CNN-AE + LSTM framework, and the proposed multiscale CNN-AE + LSTM framework.

work provides a more accurate representation of the instability
dynamics across a range of flow conditions characterized by
different values of J and R.

b. Growth Rate: The instability growth rate is inferred
from the exponential growth of perturbation enstrophy. Dur-
ing the linear regime,

Ωpert(t)∼ e2σt , (42)

where σ denotes the instability growth rate. It is obtained
from the slope of log(Ωpert(t)) within the linear growth
regime. Since the growth rate characterizes the amplification
of perturbations during the early stages of KH instability, it
provides a useful measure for assessing whether the ROM cor-
rectly reproduces the underlying linear instability dynamics.

Table VIII compares the instability growth rates obtained
from LES and the ROMs. Both the traditional CNN-AE +
LSTM framework and the proposed multiscale CNN-AE +
LSTM framework accurately reproduce the LES growth rates
for the selected training and testing cases, demonstrating that
the dominant linear instability dynamics are well captured.
Because the growth rate is evaluated within the linear regime,
differences between the two frameworks are relatively small.
The advantages of the proposed multiscale framework become

TABLE VIII. Comparison of instability growth rates predicted using
LES, the traditional CNN-AE + LSTM framework, and the proposed
multiscale CNN-AE + LSTM framework for the representative cases.

Case LES Traditional Multiscale
Training Case 1 0.101 0.099 0.108
Training Case 2 0.109 0.102 0.107
Training Case 3 0.109 0.101 0.111
Testing Case 1 0.101 0.099 0.080
Testing Case 2 0.109 0.108 0.100
Testing Case 3 0.109 0.105 0.106

more apparent during the nonlinear evolution of the flow, as
discussed in the following sections.

c. 2D Kinetic Energy Spectrum: The kinetic energy
spectrum provides a quantitative measure of how kinetic en-
ergy is distributed across spatial scales and therefore serves as
an effective diagnostic for evaluating the ability of reduced-
order models to preserve both large-scale and fine-scale flow
structures.

Since the instability dynamics are contained in the per-
turbation field, the kinetic energy spectrum is computed us-
ing the perturbation velocity components. The 2D discrete
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Fourier transform of the perturbation velocity field u(x, t) =
[u(x,z, t), w(x,z, t)] is defined as

û(k, t) =
∫︂

D
u(x, t)e−ik·x dx, (43)

where i =
√
−1, x = (x,z) denotes the spatial coordinate vec-

tor, k = (kx,kz) is the 2D wavevector, and D represents the
computational domain. Prior to computing the Fourier trans-
form, the spatial mean of each velocity component is removed
and a Hann window is applied in both spatial directions to re-
duce spectral leakage.

The corresponding 2D kinetic energy density is given by

E2D(k, t) =
1
2
(︁
|û(k, t)|2 + |ŵ(k, t)|2

)︁
, (44)

where û and ŵ denote the Fourier coefficients of the stream-
wise and vertical perturbation velocity components, respec-
tively.

The 2D spectra obtained from individual snapshots are first
averaged over all snapshots within the selected time interval,

E2D(k) =
1
Nt

Nt

∑
m=1

E(m)
2D (k), (45)

where Nt is the total number of snapshots within the averag-
ing interval and E(m)

2D denotes the 2D kinetic energy density
corresponding to the mth snapshot.

A radial integration of the time-averaged 2D kinetic energy
spectrum,

E(Kn) = ∑
Kn≤

√
k2

x+k2
z<Kn+∆K

E2D(k), (46)

where K =
√︁

k2
x + k2

z is the radial wavenumber, Kn denotes the
radial wavenumber of the nth shell, and ∆K is the shell width
used for spectral binning. The 2D kinetic energy spectrum
is obtained by integrating the time-averaged spectral energy
over concentric wavenumber shells in Fourier space.39

Fig. 13 compares the time-averaged kinetic energy spectra
obtained from LES, the traditional CNN-AE + LSTM frame-
work, and the proposed multiscale CNN-AE + LSTM frame-
work for the selected training and testing cases. The spectra
are shown for two representative stages of KH evolution: the
early nonlinear stage (80–100 s; Fig. 13(a), (c), (e), (g), (i),
and (k)) and the later nonlinear stage (180–200 s; Fig. 13(b),
(d), (f), (h), (j), and (l)).

During the early nonlinear stage, both reduced-order frame-
works accurately reproduce the LES spectra over the energy-
containing range (k ≲ 4rad/m). At this stage, the flow dy-
namics are dominated by the primary KH billows, and the
majority of the kinetic energy remains concentrated at large
scales. Consequently, the spectra predicted by both frame-
works closely follow the LES results. Minor deviations
emerge at intermediate wavenumbers, where the traditional
CNN-AE + LSTM framework exhibits a slightly faster decay,
whereas the multiscale framework remains in closer agree-
ment with the LES spectra.

More substantial differences appear during the later nonlin-
ear stage. As the KH billows undergo roll-up and filamen-
tation, energy is redistributed over a broader range of spa-
tial scales and increasingly fine-scale vortical structures are
generated. While both frameworks continue to reproduce the
large-scale motions, the traditional CNN-AE + LSTM frame-
work exhibits noticeable distortions in the spectral distribution
during the nonlinear stage, particularly for the testing cases
shown in Fig. 13(d), (h) and (l). In these cases, excess en-
ergy appears at intermediate wavenumbers, producing a spec-
tral shape that differs significantly from the LES results. In
contrast, the proposed multiscale CNN-AE + LSTM frame-
work remains in close agreement with the LES spectra across
the entire resolved wavenumber range and more accurately
reproduces the spectral decay. These results indicate that the
multiscale decomposition improves the representation of scale
interactions occurring during the nonlinear evolution of the in-
stability.

The LES spectra exhibit an intermediate-range decay close
to a k−5/3 scaling during the early nonlinear stage and evolve
toward a steeper k−3 scaling during the later stage. Similar
multiscale dynamics have been reported in DNS studies of
KH instability40. Consequently, the spectrum steepens and
approaches a k−3 scaling during the later stage. In 2D turbu-
lence, such behavior is commonly associated with the increas-
ing influence of forward enstrophy transfer toward smaller
scales41. The observed transition from a spectrum approach-
ing k−5/3 to one approaching k−3 therefore reflects the pro-
gressive shift from large-scale billow-dominated dynamics to
a regime increasingly influenced by fine-scale vortical struc-
tures and enstrophy transfer.

V. CONCLUSIONS

A parameter-conditioned multiscale CNN-AE + LSTM
framework was developed for the reduced-order prediction of
stratified KH instability. The proposed approach uses a State
CNN-AE to represent the dominant flow structures and a Dif-
ference CNN-AE to capture the finer-scale motions. These
representations are then combined and evolved in time using
a parameter-conditioned LSTM network, allowing the model
to account for variations in the governing flow parameters, J
and R.

The framework was evaluated using high-fidelity LES data
for both training cases and previously unseen testing cases.
The results show that both the traditional CNN-AE + LSTM
framework and the proposed approach accurately reproduce
the early linear growth of the instability. However, clear dif-
ferences emerge during the nonlinear stages of evolution. As
the KH billows roll up and generate increasingly complex flow
structures, the traditional framework gradually loses accuracy,
particularly in its representation of the kinetic energy spec-
trum. In contrast, the proposed framework maintains closer
agreement with the LES results and more accurately captures
the evolution of perturbation enstrophy and the distribution of
energy across spatial scales.

The improved performance of the proposed framework is
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FIG. 13. Comparison of the time-averaged 2D kinetic energy spectra predicted by LES, the traditional CNN-AE + LSTM framework, and the
proposed multiscale CNN-AE + LSTM framework for the representative training and testing cases listed in Table V. Panels (a) and (b), (e) and
(f), and (i) and (j) correspond to Training Cases 1–3, respectively, while panels (c) and (d), (g) and (h), and (k) and (l) correspond to Testing
Cases 1–3, respectively. For each case, the left panel presents the spectrum averaged over the early nonlinear stage (80–100 s), whereas the
right panel presents the spectrum averaged over the later nonlinear stage (180–200 s). The dashed and dash-dotted black lines indicate the
theoretical k−5/3 and k−3 scaling laws, respectively. Both frameworks accurately reproduce the large-scale energy-containing motions at low
wavenumbers. However, the proposed multiscale CNN-AE + LSTM framework more closely follows the LES spectra over the intermediate
and high wavenumber ranges, particularly during the later nonlinear stage, indicating an improved representation of fine-scale flow structures
and nonlinear energy transfer across scales.

attributed to two distinct reasons: (a) separation of large and
fine-scale features and (b) inclusion of governing flow param-
eters J and R, which provide information about the base flow
configurations. The improvement becomes particularly evi-
dent during the later stages of KH evolution, when nonlin-
ear interactions generate a broad range of dynamically impor-
tant scales. By combining scale-aware flow representations
with parameter-conditioned temporal evolution, the proposed
framework more accurately reproduces the evolution of the

instability across different flow regimes.

A particularly important result of this study is the ability of
the framework to perform long-horizon forecasting from a sin-
gle early-stage flow snapshot together with the governing flow
parameters (J,R). While many previous data-driven reduced-
order modeling studies rely on multiple sequential snapshots
as input for prediction, the present framework is able to accu-
rately reconstruct the subsequent evolution of the flow using
only an early-stage flow field. The model successfully repro-
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duces key stages of the instability, including billow roll-up
and the development of smaller-scale structures. The frame-
work also maintains good predictive performance for previ-
ously unseen (J,R) combinations, demonstrating its ability to
generalize across different flow conditions.

The results of the present study show that incorporating
scale-dependent flow information within reduced-order mod-
els can significantly improve the prediction of stratified shear
flows. Based on the representative training and testing cases,
the proposed framework achieved an approximately 21% im-
provement in the mean R2 compared with the traditional ap-
proach. Furthermore, the framework compressed the original
flow fields from 128×256×2 variables to a combined latent
representation of size 4×8×48, corresponding to an approx-
imate 43-fold reduction in dimensionality, while maintaining
accurate reconstruction of the flow evolution and preserving
the key physical characteristics of the instability. In addition
to the improved statistical accuracy, the framework better pre-
served important physical characteristics of the flow, includ-
ing the evolution of coherent structures and the distribution of
kinetic energy across spatial scales.

The present work focuses on the development and eval-
uation of the proposed data-driven multiscale reduced-order
modeling framework for 2D KH instability. While this formu-
lation captures the primary KH dynamics, it does not account
for 3D effects such as secondary instabilities, spanwise struc-
tures, and transition to turbulence. It therefore serves as a first
step toward generalized multiscale reduced-order models for
stratified flows, with future work extending the methodology
to 3D configurations.
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Appendix A: CFL Sensitivity Analysis

A CFL sensitivity analysis was performed to determine an
appropriate numerical time step for the LES simulations. A
training case with J = 0.15 and R = 1 was selected, and sim-
ulations were repeated using fixed time steps ranging from
∆t = 0.01–0.06 s. For each time step, the maximum advective
CFL number over the complete simulation was recorded. As
shown in Fig. 14, the selected time step of ∆t = 0.02s gives
a maximum CFL number of approximately CFLmax = 0.46.
The maximum CFL number increases with increasing time
step, with larger time steps approaching and exceeding unity.
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FIG. 14. Maximum advective CFL number obtained for different
fixed numerical time steps ∆t for the training case with J = 0.15 and
R = 1. The red star indicates the selected time step, ∆t = 0.02s,
corresponding to CFLmax ≈ 0.46.

TABLE IX. Performance comparison of Network B with 16 and 32
convolutional filters for the training case J = 0.15 and R = 1.0.

Configuration t (s) MSEΩ R2
Ω

MSEB R2
B

20 1.340×10−4 0.368 1.000×10−6 0.724
50 1.496×10−3 0.624 6.000×10−6 0.802

16 filters 100 2.369×10−2 0.508 4.300×10−5 0.671
150 1.480×10−2 0.374 2.600×10−5 0.587
200 9.197×10−3 0.324 1.400×10−5 0.558
20 5.800×10−5 0.728 1.000×10−6 0.851
50 7.010×10−4 0.824 2.000×10−6 0.934

32 filters 100 1.048×10−2 0.782 2.200×10−5 0.830
150 1.360×10−2 0.425 2.100×10−5 0.662
200 4.113×10−3 0.697 8.000×10−6 0.769

Therefore, ∆t = 0.02s provides a sufficient numerical stability
margin while maintaining computational efficiency.

Appendix B: Ablation study on increasing the number of
convolutional filters in Network B

An ablation study was performed to examine the effect of
the number of convolutional filters on the performance of Net-
work B. Two configurations, consisting of 16 and 32 convolu-
tional filters, were evaluated while keeping all other network
and training parameters unchanged. The comparison was per-
formed for the training case J = 0.15 and R = 1.0 at t = 20,
50, 100, 150, and 200 s. Table IX presents the reconstruc-
tion performance evaluated using MSE and R2 for both Ω and
B. From this snapshot comparison, increasing the number of
convolutional filters from 16 to 32 improves the reconstruc-
tion performance of Network B for both Ω and B, as reflected
by the generally lower MSE and higher R2 values at the eval-
uated time snapshots. Therefore, the 32-filter configuration is
adopted for Network B in the proposed framework.
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Appendix C: Ablation Study of the Output Fully Connected
Layer in the LSTM model

To assess the contribution of the output fully connected
layer (FCL), an ablation study was conducted by training
both the traditional LSTM model and the proposed multiscale
framework with and without the output FCL while keeping
all other network architectures, hyperparameters, and training
procedures unchanged. Since both models exhibited similar
trends, only the results for the proposed multiscale framework
are presented for brevity. In the model without the output
FCL, the output of the final LSTM layer was directly reshaped
and passed to the decoders. In the proposed architecture, the
output FCL learns the mapping between the LSTM output and
the decoder latent space before reconstruction.

Fig. 15 compares the reconstructed flow fields and the cor-
responding absolute prediction error fields for the represen-
tative Training Case 2. Both architectures accurately capture
the early evolution of the KH instability. However, even at
t = 50 s, the model without the output FCL exhibits slight
smearing of the Ω and B fields, together with larger local re-
construction errors. These discrepancies become increasingly
pronounced during the nonlinear stage (t = 100–200 s), where
the model without the output FCL progressively loses fine-
scale structures and accumulates larger prediction errors. In
contrast, the proposed architecture with the output FCL pre-
serves both the large-scale coherent structures and the fine-
scale flow features throughout the temporal evolution.

TABLE X. Comparison of the overall prediction performance of the
proposed multiscale framework with and without the output FCL for
the representative Training Case 2. The reported metrics are averaged
over all temporal snapshots and evaluated over the combined Ω and
B flow fields.

Model MSE R2

Without output FCL 9.10×10−3 0.83
With output FCL 7.13×10−3 0.86

The qualitative improvements are consistent with the quan-
titative results summarized in Table X, where the inclusion
of the output FCL reduces the mean MSE from 9.099×10−3

to 7.131× 10−3 and increases the mean R2 from 0.8278 to
0.8598.

These results show that, although the LSTM output and
latent-space dimensions are identical (1536), the output FCL
provides a more effective mapping between the LSTM hidden
representation and the decoder latent space, resulting in im-
proved multiscale flow predictions. Consequently, the output
FCL is retained in the final architectures of both the traditional
LSTM model and the proposed Network C.
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Training Case 2 (J = 0.15, R = 5)
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FIG. 15. Same as Fig. 9, but comparing the proposed multiscale framework without and with the output FCL in Network C.
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